Understanding the composition of the paints used on works of art is crucial in attributing them to the artist or workshop which created them, as well as to devising strategies for their preservation and restoration.
Introduction
Characterising the palette used to produce painted works of art can help in attributing them to specific artists or their workshops. Since each artist's studio prepared their own paints, determining their composition, i.e. the pigments and binding materials used to make them, as well as the ratio of the components, can be instrumental in such attributions.
Non-invasive spectroscopic identification of both the pigments and binders in painted layers is fast becoming the norm, as the methods are not only quick and relatively easy to interpret, but, crucially, do not require the removal of samples. Infra-red 1 , Raman 2--10 , X-ray fluorescence 2,3,11,12 and fiber-optic reflectance (FORS) 3,13--17 spectroscopies are all widely used for the analysis of cultural-heritage objects, and all four techniques can be applied in situ, using portable instrumentation, and without sampling. In contrast, although techniques like GC-MS 18--21 and HPLC 22--24 have been used to obtain quantitative insight into the composition of paint binders, e.g. by obtaining the ratios of different fatty acids or amino acids present in them, they invariably do require sampling, and thus are not always viable analytical techniques.
Although much work has been done on identifying pigments 2, 6, 11, [25] [26] [27] [28] [29] and binders 21, [30] [31] [32] [33] [34] [35] [36] [37] [38] [39] , and also understanding their ageing processes 12, [40] [41] [42] , relatively little has been done towards quantifying the proportions of components in paint mixtures, e.g. the ratio of pigments and binders present, through non-invasive means.
Rampazzi et al. were the first to use partial least-squares (PLS) analysis of atomic absorption spectra to effectively estimate the binder/aggregate ratios in mortars, representing a step forward from the more traditional chemical analysis, which was both tedious and also heavily influenced by the wearing of the mortar due to acid attacks 43 . Csefalvayova et al. 44 showed that using partial least-squares regression (PLSR) analysis, in conjunction with FT-IR spectroscopy, enabled quantitative classification of the gelatin material present in historic papers. More recently, it was established that the C-H region of the IR spectrum can be used to classify paint binders, while the ester C=O region is best for quantification using PLSR techniques 45 .
While qualitative analyses are sufficient for many research purposes, a study of ageing carried out by Boon et al. 46 found that paints prepared with higher binder-to-pigment ratios tend to undergo hydrolysis reactions more rapidly than those made with lower ratios. In light of this, it could be highly useful to have a semi-automated method, based on non-invasive analysis techniques, for quantifying pigment-binder ratios, in order to help conservators make more informed choices regarding the treatment of objects.
In this work, we have investigated the changes which occur in the FT-Raman and FORS spectra of simulated medieval paint films as a function of composition. As a method for analysing paints, FT-Raman spectroscopy using 1064 nm laser light is especially useful as, at this wavelength, fluorescence from the binding media is minimised, thereby giving better Raman-spectroscopic signals from the organic material. FORS spectra extend from the UV-visible region of the spectrum into the short-wave IR, and can provide quantitative information about colour, as well as absorption bands corresponding to vibrational overtones and combinations, which can be useful signatures of organic materials and functional groups. As explored in a previous study 39 ,
both techniques can yield complementary information to characterise pigment-binder mixtures, which is especially useful when used with pattern-recognition techniques, such as principal-component analysis (PCA).
Building on this work, we test the utility of Raman and FORS spectroscopy with PCA as a semi-automated analytical technique to help quantify the relative amounts of pigments and binders in paint mixtures.
Experimental

Sample Preparation
Based on our previous study 39 , in which we found that multivariate analysis of Raman spectra was most successful for paint films made up with lipid-based binders, we chose the lead white -egg yolk and lead tin yellow -poppy oil systems as model paints. Both of these, particularly the former, are frequently encountered on historic painted objects. The lead white (LW) pigment used in this study was prepared according to the traditional artists' method of placing lead ribbon over vinegar, which promotes the formation of lead carbonate on the surface; this was then scraped off and used to prepare paints as described below. Lead-tin yellow (LTY)
was purchased from Kremer Pigments Inc. and used without any further processing. LTY exists in "light" and "dark" forms, the difference in colour between them being due to the difference in the stoichiometry with regard to tin in the former, and both forms were studied in this work. Egg yolk (EY; obtained from free-range eggs)
and cold-pressed poppy oil (PO), used as binders, were both purchased locally.
Paint mixtures were prepared using criteria employed by artists, i.e. by mixing a pigment and binder until a paint with appropriate mechanical and optical properties was obtained. Paints were made by mixing pigments and binders in different proportions within the workable mixture range. LW and EY were mixed in pigment-binder wt/wt ratios of 2:1 (66.7% LW), 3:2 (60% LW), 1:1 (50% LW), 2:3 (40% LW) and 1:2 (33.3% LW), and LTY and PO in pigment percentages of 76.2%, 81.5%, 84.4%, 87.7% and 88.5% for LTY-dark, and 66.7%, 78.7%, 80%, 81.8%, 84.8%, 86.1%, 89% and 89.8% for LTY-light. We note that the workable mixture range is much smaller for the LTY-PO combination compared to the LW-EY combination, and therefore the LTY samples made had a relatively narrow difference in the wt% of the pigment and binder. The prepared paints were painted onto microscope glass slides and allowed to dry on a bench top for a month, after which they were stored in a light-tight box.
Spectroscopy
FT-Raman spectra were collected using a Bruker RAM II instrument (1064 nm wavelength, ~1 mm spot size, KBr beam splitter and Ge detector, ~2.37 mm penetration depth), and recorded within the range of 20
-3600 cm -1 at a resolution of 4 cm -1 . 256 scans were integrated (requiring ~7 minutes per spectrum), and a laser power of 100 mW was used. FORS spectra were collected using a FieldSpec 4 spectroradiometer (ASD, Inc., USA; halogen lamp, ~3 mm spot size, 512-element Si array detector for visible and VNIR, and two InGaAs detectors for the ranges between 1000 -1800 nm and 1800 -2500 nm). With this instrument, a spectral resolution of 3 nm at 700 nm and 10 nm within the 1400 -2500 nm range, with a scanning time of 100 ms, was possible.
Principal-Component Analysis
PCA was carried out as per the optimised conditions described in our previous work 39 . FT-Raman spectra were pre-processed by applying a 21-point triangle smoothing filter, followed by vector normalisation.
We found that the triangle filter, with this relatively small window size, gave a good balance between removing noise from spectra while preserving the shape and intensity of spectral features; we note however that, for raw spectra which are smooth, a filtering step may not be necessary. The wavenumber axes of the spectra were adjusted to a common set of spectral bands, linearly interpolating the intensities where required, before constructing the PCA training matrix. 1000 and 1500 data points were used for PCAs in the spectral regions between 100 and 1800, and 100 and 3200 cm -1 , respectively. FORS spectra were vector normalised, and in the combined PCAs, the composite spectra were formed of 1000 points each of FT-Raman and FORS data.
When constructing the PCA matrix, the data were mean-centred, but, in contrast to our previous work, not standardised. When working, as in the present study, with datasets in which band intensities are the key source of variation between spectra, standardisation would effectively compress the apparent variance for spectral bands which change most with concentration, while expanding it for bands where changes are less pronounced. As standardisation was the only option in the PCA package we used, a small modification to one of the routines was required. All analysis routines were implemented in Python 3 47 , using the NumPy 48 , SciPy 49
and Matplotlib 50 packages.
Results and Discussion
In order to establish which spectral features may act as signatures of composition, we first studied the FT-Raman spectra of paint films made up with different pigment/binder ratios. Figure 1 shows Raman spectra of LW-EY paints, scaled to the height of the peak at 2926 cm -1 (C-H stretching). Increases in intensity of the carbonate peak at 1051cm -1 and the peaks due to the LW phonons at 62 cm -1 are both clearly visible. Similarly, a clear increase in the intensity of a peak at 1381 cm -1 , also attributed to LW 10 , with LW concentration is also evident (inset). The peak at 1497 cm -1 , attributed to aliphatic C-C vibrations, was observed only in the spectrum of pure EY, and was not visible in spectra of the paint mixtures.
In the case of LTY, both LTY-light and LTY-dark paints were studied. FT-Raman spectra of paints made up with PO as the binder, scaled to the height of the band at 1440 cm -1 , are shown in Figure 2 . As in the spectra of LW paints, peaks from LTY, occurring from 20 to around 600 cm -1 , show a noticeable increase in intensity with pigment concentration. The spectra of LTY-light paints also display prominent fluorescence from around 2000 -3000 cm -1 , which becomes more noticeable with higher pigment concentrations, although the origin of the fluorescence is not clear at present. Aside from this, it can be seen that bands around 1740 cm -1 (C=O) and 1640 cm -1 (amide I) are broader in the spectrum of pure PO, in comparison with the paint mixtures, which is most noticeable in Figure 2b . In addition, the peak at 1720 cm -1 , and also the feature at 1657 cm -1 (C=C), are both relatively weak in the PO spectrum, again most noticeably when compared against the spectra of paints of LTY-dark. Peaks at 1497 cm -1 (CH 2 deformation) and 1242 cm -1 (C-H stretching) were observed in the PO spectrum, but were absent in the spectra of the paint mixtures; these extra peaks are related to the drying of PO, and are due to the fact that this sample, prepared along with those studied in previous work 39 , was older than the others.
Since there are clear trends in spectral features linked to the pigment/binder ratio in both systems, PCA of the Raman spectra of the paints was carried out. The result of this analysis for the LW-EY mixtures, using the spectral region between 100 and 1800 cm -1 , is shown in Figure 3 . Strikingly, we found that, on a scatter plot of the first two principal components (Figure 3a) , the different compositions formed bands, arranged in order of decreasing concentration. To test whether this phenomenon could be exploited to perform concentration estimation, we omitted the 1:1 (50% pigment) spectra from the training set, and subsequently projected these samples onto the plot using the training matrix. Points from these spectra formed a band roughly between the 60 and 40% samples, thus providing a reasonable estimate of the paint composition.
Loading plots for the first two PCs are shown in Figure 3b . It can be seen from these that in PC1, which explains over 90% of the variance among the spectra, the highest weights are assigned to part of the phonon band from 100 cm -1 upwards, as well as to the major bands between ~1200 and 1700 cm -1 identified in Figure 1 .
The loading plot for PC2 is relatively flat, with a handful of features representing regions of the spectrum where the concentration dependence is less clear; however, as PC2 explains only 6 % of the total variance, some of the features may be due to statistical noise. The negative weights assigned to the phonon bands and carbonate peaks in PC1 appear to be primarily responsible for the ordering of the bands in increasing concentration from right to left along PC1.
To investigate the effect of standardising the training data before performing the PCA, we carried out the same analysis with this pre-processing applied (the default option in the Matplotlib code 50 ; see supporting information). The same band formation and ordering was observed, although the loading plots and the variance fractions explained by the first two PCs (69.7 and 21.9 %, respectively) were significantly different. Despite this, on treating the 50% composition spectra as unknowns, we found that it was still possible to use this analysis to estimate their concentration.
A similar analysis was also carried out using combinations of LTY-light/dark with PO ( Figure 4 ). We opted to analyze both forms together, in order to ascertain whether a PCA to estimate concentration could simultaneously be used to identify the form of LTY present. For this analysis, we opted to use the spectral region between 1100 and 3200 cm -1 , which includes the C-H region, where fluorescence from LTY-light may enable the differentiation between the two forms of LTY (Figure 2) , as well as the pigment peaks below ~600 cm -1 , which are similar in both pigments but strongly composition dependent.
On the score plot (Figure 4a ), it is immediately striking that the LTY-dark and light spectra separate into the positive and negative PC1 halves, respectively (Figure 4a ). Similarly to the LW-EY analysis, the LTYdark spectra form a set of bands, arranged along PC2 in order of increasing pigment concentration. The LTYlight spectra form clusters on the scatter plot, with a considerable spread, although the groups of markers are again roughly ordered by composition along
The loading plot of PC1 (Figure 4b) , which in this case explains 76.5% of the spectral variance, shows that the LTY-light fluorescence is assigned a large positive weight, and the region of the spectrum below 2100 cm -1 , particularly part of the LTY bands below 600 cm -1 , a negative weight. This explains the division of the LTY-light and dark spectra into the positive and negative PC1 regions of the scatter plot. PC2 explains 21.3% of the variance, which is statistically significant, and, according to the loading plot, weighs the LTY bands and C-H peak positively and negatively, respectively. Since these peaks, certainly the former, reflect the paint composition for both forms of LTY, this explains the (rough) ordering of both sets of spectra along PC2 in increasing concentration.
LW has been reported to induce molecular-level changes to the amino acids present in EY 51 and, as well as forming lead soaps, is also known to accelerate the degradation of the binders, by interacting with them and causing the release of formic acid 52 . To confirm that such interactions were, in part, responsible for the spectral changes occurring with paint composition, we simulated model pigment-binder spectra by averaging the spectra of the pure components in the mixing proportions, and projected these onto a PCA score plot formed by analysis of the "real" spectra (this time including the 1:1 spectra in the training set; see supporting information, Figure S8 ). As expected, the simulated LW-EY spectra did not come close to the experimental ones, indicating that the spectra of the paint mixtures are not a combination of those of the pure components. However, LW-EY spectra simulated instead by interpolating between real spectra fell between the bands on the plot, in positions indicating their interpolated concentration. On the other hand, we found that spectra of LTY-PO paints created additively did fall within the clusters containing the experimentally-recorded ones, which suggests that the effect is not as pronounced in this system. S3 ). This reinforces the notion that there is a complex interaction between LW and the binder, which is presumably a key part of the LW-EY spectra not simply being additive sums of their components. We also note that, unlike work done previously on aged LW-EY samples 25 , the reactions observed here appeared to be endothermic in nature.
To test the possible application of concentration determination using the PCA method, over and above the concentration estimation illustrated in Figure 3 , we attempted to quantify the compositions of several unknown samples of LW-EY and LTY-PO paints which had previously been prepared according to artists' recipes and were qualitatively labelled as being 'rich' and 'lean' in binder.
The samples of LW-EY both fell outside the bands in Figure 3 along PC2 (see supporting information, Figure S9 ). If it is assumed that this is not significant, the 'lean' sample could be estimated from its position along PC1 to have an LW concentration close to 50%. The projected 'rich' spectra display a large amount of scatter, but consistently fall below the 33.3% LW references along PC1, suggesting that the LW concentration in these samples falls outside the lower limit of the reference spectra used in the training set.
The apparent anomalies in the LW-EY matching could be due to various factors, including the LW composition, i.e. anhydrous (cerussite) vs. basic (hydrocerussite), layer thickness, or a different degree of ageing, possibly determining the extent of the reaction between LW and its binding medium suggested by the DSC. With regard to the first of these points, the paints used in the present study and the 'unknown' LW-EY samples were prepared from different batches of home-grown LW. Powder X-ray diffraction (PXRD) patterns of the LW used in the reference paints and of the unknown LW-EY sample were recorded and compared with PXRD patterns of cerussite and hydrocerussite generated from the structural information available in the literature 53, 54 (see supporting information, Figures S4-S7) . The pure LW used to make the reference paints most resembled hydrocerussite and, while it was harder to interpret the LW-EY spectrum, due to the presence of peaks from EY, it lacked the major 2θ peaks seen in basic LW. Based on this, then, the LW used to prepare the unknown sample may have been of a different composition than that used to make the reference paints, which could be why the matching of these samples worked less well than the estimation of the composition of paints prepared from the same batch of LW as the references.
Both the LTY-PO samples fell into the LTY-light half of the plot (Figure 4) , with the samples 'lean' in binder clustering near the high-LTY percentage points, and those 'rich' in binder being lower than the 66.7%
LTY points along PC2. This is consistent with the 'rich' and 'lean' paints having being prepared at the lowerand higher-LTY-content ends of the workable mixture range, respectively, and illustrates that, despite the scatter of the LTY-light references, at least a qualitative estimation of the composition of unknown paint samples from their FT-Raman spectra may still be possible.
For comparison, we also carried out PCAs of the dark and light LTY paints separately (see supporting information, Figures S10 and S11). As expected, the LTY-dark analysis behaved much like the LW-EY one, in that the bands were arranged in order of concentration along PC1, which explained over 90% of the variance.
The LTY-light score plot displayed the same sort of scatter as is evident in Figure 4a , and the variance in this plot was split 70%/26.5% between PC1 and PC2. In both analyses, the loading plots illustrate that the key spectral features, viz. the C-H region, including the part of the spectrum in which LTY-light fluoresces, and the LTY bands, are used to explain the variance. However, we note that in these independent analyses, the unknown samples, certainly the 'lean' one, could be grouped with either form of LTY, whereas in the combined analysis, it is possible to determine unambiguously of which form it was made up.
Finally, as we established in our previous study 39 , combining complementary FORS data with Raman spectra can sometimes improve PCA, leading to better separation and clustering. To test whether additional data might improve the concentration estimation, we recorded FORS spectra of the LW-EY reference paints, combined these with the Raman spectra between 100 and 1800 cm -1 , and performed PCA on the composite spectra. Although tighter clusters were formed by this method, the bands were no longer ordered by concentration, which suggests that these combined datasets are not as suitable for concentration estimation.
Overall, this analysis suggests that Raman spectra are more sensitive to the subtle chemical changes which occur with differences in pigment/binder ratio, although it is possible that, for some systems, combined Raman-FORS analyses could be more effective.
We close with a few final remarks regarding the general applicability of our analysis. As discussed above, FT-Raman using 1064 nm laser light represents an attractive method, since fluorescence from the binding media is minimal at this wavelength. However, portable Raman equipment often operates at shorter wavelengths (e.g. 532 nm), and it may not be possible to use long acquisition times and/or high laser powers in some situations; therefore, for in situ analysis, collecting spectra using different parameters may be necessary.
Nonetheless, the method employed here is applicable to generic FT-Raman spectra, and indeed to other data sources. In this regard, pattern-recognition techniques like PCA potentially represent a general means to interpret spectral data, since they are able to identify variation in the presence of background noise. On the other hand, PCA is not inherently a quantitative technique, and once a particular form of spectroscopy is shown to be quantitative, other chemometric methods, such as partial least-squares, partial linear regression and multiple linear regression, or even peak-fitting, may be more suitable for some systems. The potential for concentration estimation illustrated in the present work does, however, complement the robust qualitative analysis provided by PCA. Finally, it is also important to note that paints in real artwork typically have undergone significant ageing, which is likely to lead to changes in spectral features which are not reflected in freshly-prepared reference samples. More work therefore needs to be done to validate the application of this method to aged paint films.
Conclusions
The results presented here suggest that it may be possible to use FT-Raman spectroscopy, in conjunction with multivariate analysis, to obtain reasonable estimates of the pigment/binder ratios in a paint film, given a suitable set of reference spectra from paints prepared over the range of workable mixture compositions. Although there are several caveats to our method, e.g. the possible inability to analyse LW samples containing substantial amounts of hydrocerussite using cerussite-based references, these findings may extend the utility of Raman-scattering measurements in cultural-heritage science, by making it possible to characterize artists' painting materials in a more quantitative sense. This work may therefore represent a tentative first step towards the development of computer-assisted methods for the in situ, non-invasive and quantitative analysis of painted cultural-heritage objects. However, in order to investigate its broader applicability, further validation needs to be done on other common paint mixtures (i.e. other pigments or binding media) and with other common Raman-measurement setups, as well as on the application of this method to real artwork, where the effects of aspects such as pre-processing of products, the nature of the substrate and the degree of ageing may become apparent. between the 40% and 60% bands, allowing the pigment/binder ratio in the paint to be estimated. This illustrates that, given a suitable set of reference spectra, this method could potentially be used to estimate the composition of an unknown LW-EY paint from its FT-Raman spectrum. The loading plots for the first two principal components (b), giving the weights assigned to different spectral bands, show that the features highlighted in the spectra in Figure 1 are responsible for the discrimination. Notably, PC1 explains over 90% of the variance, and, although the loading plot for PC2 shows weight being assigned to particular parts of the spectra, its explained variance of 6% could be largely statistical noise. 
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